s u m m a r y Drought severity and related socio-economic impacts are expected to increase due to climate change. To better adapt to these impacts, more knowledge on changes in future hydrological drought characteristics (e.g. frequency, duration) is needed rather than only knowledge on changes in meteorological or soil moisture drought characteristics. In this study, effects of climate change on droughts in several river basins across the globe were investigated. Downscaled and bias-corrected data from three General Circulation Models (GCMs) for the A2 emission scenario were used as forcing for large-scale models. Results from five large-scale hydrological models (GHMs) run within the EU-WATCH project were used to identify low flows and hydrological drought characteristics in the control period and the future period (2071-2100). Low flows were defined by the monthly 20th percentile from discharge (Q20). The variable threshold level method was applied to determine hydrological drought characteristics. The climatology of normalized Q20 from model results for the control period was compared with the climatology of normalized Q20 from observed discharge of the Global Runoff Data Centre. An observationconstrained selection of model combinations (GHM and GCM) was made based on this comparison. Prior to the assessment of future change, the selected model combinations were evaluated against observations in the period 2001-2010 for a number of river basins. The majority of the combinations (82%) that performed sufficiently in the control period, also performed sufficiently in the period [2001][2002][2003][2004][2005][2006][2007][2008][2009][2010]. With the selected model combinations, future changes in drought for each river basin were identified. In cold climates, model combinations projected a regime shift and increase in low flows between the control period and future period. Arid climates were found to become even drier in the future by all model combinations. Agreement between the combinations on future low flows was low in humid climates. Changes in hydrological drought characteristics relative to the control period did not correspond to changes in low flows in all river basins. In most basins (around 65%), drought duration and deficit were projected to increase by the majority of the selected model combinations, while a decrease in low flows was projected in less basins (around 51%). Even if low discharge (monthly Q20) was not projected to decrease for each month, droughts became more severe, for example in some basins in cold climates. This is partly caused by the use of the threshold of the control period to determine drought events in the future, which led to unintended droughts in terms of expected impacts. It is important to consider both low discharge and hydrological drought characteristics to anticipate on changes in droughts for implementation of correct adaptation measures to safeguard future water resources.
Introduction
Drought events and their related impacts on society and environment are expected to increase in severity due to changing climate (e.g. Bates et al., 2008; Dai, 2011; Romm, 2011) . Droughts occur across the world in all climatic regions and are still difficult to quantify (Wilhite, 2000; Tallaksen and van Lanen, 2004; Mishra and Singh, 2010) . Drought remains one of the natural hazards for which predictions are most uncertain. Many studies have investigated the effect of climate change on discharge regimes (e.g. Arnell, 1999; Nijssen et al., 2001a; Manabe et al., 2004; Milly et al., 2005; Nohara et al., 2006; Sperna Weiland et al., 2012) . Besides investigating changes in the regime, low flows are included in some studies as well (e.g. Arnell and Gosling, 2013) . The main conclusions about the expected changes are in agreement. For example, the discharge is expected to increase in cold climates and a shift of the snow melt peak in these areas is projected (e.g. Sperna Weiland et al., 2012) . In addition to the impact of climate change on discharge, effects on drought have been investigated. In the 21st century, drought may intensify in parts of Europe, central North America, Central America and Mexico, northeast Brazil and southern Africa (Seneviratne et al., 2012) . Studies on drought in the future have mainly focused on soil moisture (e.g. Sheffield and Wood, 2008; Vidal et al., 2012; Dai, 2013; Orlowsky and Seneviratne, 2013) . A decrease in soil moisture was detected at the global scale by Sheffield and Wood (2008) , leading to more soil moisture drought events. Vidal et al. (2012) found that all characteristics of soil moisture or agricultural drought events in France increased in the 21st century. Severe drought conditions in the 21st century over large parts of the globe were determined with the PDSI by Dai (2013) . A large range in soil moisture drought projections at global scale was found by Orlowsky and Seneviratne (2013) , but increased drought was consistent in several regions, namely the Mediterranean, South Africa and Central America/ Mexico. Less is known about changes in hydrological drought events (drought in groundwater and surface water). Hirabayashi et al. (2008) have studied changes in number of drought days at the global scale by taking the annual drought days from discharge data. Significant increases in drought were found for many regions across the globe (Hirabayashi et al., 2008) . For Europe, Feyen and Dankers (2009) investigated changes in streamflow drought by deriving low flows and drought deficits. They concluded that in many rivers, with the exception of rivers in the most northern and northeastern parts of Europe, minimum river flows and flow deficit volumes became more severe in the frost-free season. Most studies on changes in discharge are carried out at the catchment scale instead of the global scale. For example, Madadgar and Moradkhani (2013) used trivariate copulas to determine changes in drought characteristics for a specific catchment in Oregon. They concluded that drought events will become less severe in the future in this catchment. Knowledge on hydrological drought events is important for water resources and needed for adequate planning and assessment of drought impacts in the future. This knowledge across the globe is rather limited.
In recent years, more and more gridded models have been developed for hydrological studies at the global scale. However, many scenario studies employ only one global hydrological model (GHM) in combination with one or an ensemble of General Circulation Models (GCMs) that provide forcing data (e.g. Sperna Weiland et al., 2012; Arnell and Gosling, 2013) . Because GHMs can show large differences in the representation of runoff for the previous century (e.g. Gudmundsson et al., 2012; Van Huijgevoort et al., 2013) , including multiple GHMs for future analysis is important. This was also concluded by Hagemann et al. (2013) , who used 8 GHMs and 3 GCMs to analyse water resources and found that spread in hydrological models in some regions is larger than that of climate models. They recommend that analyses of global climate change impacts should use results from multiple impact (hydrological) models.
To reduce or to better adapt to the impacts of hydrological drought across the globe, more knowledge regarding changes in hydrological drought characteristics (e.g. frequency, duration) in the future is needed in addition to already existing knowledge regarding changes in meteorological and soil moisture drought. In this study, effects of a climate change scenario on drought in several river basins across the globe with contrasting climates and catchment characteristics were investigated using a multimodel analysis. The aim of this study is to investigate changes in both low flows and drought events, and to illustrate the challenges associated with this kind of drought analysis. Results of five GHMs forced with three GCMs have been used for the analysis over two periods, the control period and future period (2071-2100). As a first step towards reducing the range of projected changes in drought, model combinations (GHM and GCM) have been constrained for analysis in the future period through comparison with observed discharge in the control period. Monthly low discharge values from selected model combinations for the control period and future period and changes therein have been determined. Changes in hydrological drought characteristics relative to the control period were identified from the selected model combinations using the variable threshold level method.
Data

Observed river discharge
From the Global Runoff Data Centre (GRDC, 2013) discharge data were available for selected river basins across the globe. The locations of the discharge gauges of these 41 selected (sub)basins are given in Fig. 1 . Table 1 gives an overview with the names of the rivers, abbreviations, locations of gauging stations, periods of data used for comparison with large-scale models and the basin areas. The selection of the river basins was based on the following criteria: Fig. 1 . Location of the gauging station for each river basin in the major climate zones (see Table 1 for river basin abbreviations).
1. The basins should be located in as many climate zones as possible ( Fig. 1 ). Climate zones are based on the Köppen-Geiger classification (Peel et al., 2007) of the WATCH forcing data, see Wanders et al. (2010) . The five major climate types are the equatorial (A), arid (B), warm temperature (C), snow (D), and polar climates (E). 2. The length of available discharge time series was important, because for drought analysis long time series are needed. Preferably time series were at least 30 years long and covered the control period (1971-2000, Section 2.2). However, to include all climate zones, ten river basins with shorter time series (less than 25 years) were also selected as a compromise. A number of river basins was used to evaluate the methodology for selecting model combinations (Section 3) in the period 2001-2010. 3 . Basin area should include enough grid cells of the large-scale models to make a comparison. 4. Since naturalized runs of the large-scale models were used, the basins should be as undisturbed as possible in terms of human influences, like dams.
The selection of the basins is somewhat biased to the northern colder climates, because more streamflow records were available there and reservoir storage is less important than in warmer, drier climates (Nijssen et al., 2001b ).
Forcing data
In this study, we used model output from runs with three different GCMs for the SRES A2 scenario (Nakić enović and Swart, 2000) . The A2 scenario was chosen to investigate the most extreme changes in drought events. The three GCMs, made available through the European WATCH project (Water and Global Change, www.eu-watch.org), were: ECHAM5/MPIOM of the Max Planck Institute for Meteorology (Jungclaus et al., 2006) , CNRM-CM3 of the National Centre for Meteorological Research (Royer et al., 2002; Salas Mélia, 2002) and IPSL-CM4 of the Institute Pierre Simon Laplace (Hourdin et al., 2006; Fichefet and Morales Maqueda, 1997; Goosse and Fichefet, 1999) . The three GCMs chosen within WATCH belong to different model families and partly cover the range from the CMIP3 ensemble in projected precipitation change (Masson and Knutti, 2011) . In an assessment of GCM skill in simulating persistence by Johnson et al. (2011) , all three chosen GCMs were ranked among the best performing models for their skill in predicting global precipitation, sea surface temperature and surface pressure.
Bias-corrected forcing data were available from 1960 to 2100. We have taken the period 1971-2000 as the control period and 2071-2100 as the future period. A shorter period 2001-2010 was used to evaluate our methodology for selecting model combinations (Section 3) in a number of river basins (Table 1 ). All GCM output was downscaled to 0.5°and was bias corrected with the WATCH forcing data for rainfall, snowfall, and minimum, mean and maximum air temperature. The procedure for the statistical bias correction of GCM output is described by Piani et al. (2010) , Chen et al. (2011 and Hagemann et al. (2011) . The WATCH forcing data consist of gridded time series of meteorological variables for 1958-2001 and originate from modification (bias-correction and downscaling) of the ECMWF ERA-40 re-analysis data . Fig. 2 gives the difference in precipitation for the three GCMs between the control period and the future period. Largest differences in mean daily precipitation are given by IPSL. For some regions all GCMs agree on the direction of change, for example a decrease in precipitation in Central America, southern Europe and parts of Australia. Other regions have changes that differ for each GCM, for example in the Amazon region. For temperature, all GCMs indicate an increase across the globe, although the magnitude of the increase differs (not shown).
Large-scale hydrological models
Results from 5 different gridded large-scale hydrological models were made available through the WATCH project. The models Table 2 , more information can be found in Haddeland et al. (2011) .
Daily time series of discharge were used in this study to focus on low flows and hydrological drought, and to be able to compare the model results with observations. Time series of routed discharge were taken from the grid cell in which the gauging stations are located. Discharge values consist of spatially aggregated gridded total runoff (sum of surface and subsurface runoff) from the grid cells in the models that represent the basin. Total runoff has been routed with the same network in each model.
Low flow and drought identification
The forcing data for the models is obtained from GCMs. These GCMs do not reproduce time series of historical weather in the control period, but the average climate conditions. This implies that time series of modelled discharge and observed discharge cannot directly be compared either. Therefore, as a measure of low flows, the 20th percentile (Q20) for each month was calculated, which is defined as the value that is equalled or exceeded 80% of the time, for observed discharge and simulated discharge. When comparing the climatology of Q20 values of the simulated discharges against observations, there was a large difference in absolute values for most basins. The large differences between observations and model results can have different causes, for example, weaknesses in climate forcing, model structure and observations, and has been found in previous studies, e.g. Sperna Weiland et al. (2010) . Because drought events were derived from anomalies, all monthly Q20 values were normalized by dividing the Q20 values by the yearly mean,
Q20
Ã ðiÞ ¼ Q20ðiÞ=Q20;
where i is month of the year. This way the models could be judged on their ability to simulate the regime, which is important for drought analysis. A selection has been made from the 15 model combinations (GHM and GCM) for analysis in the future based on the NashSutcliffe coefficient (Nash and Sutcliffe, 1970) between the climatology of Q20 Ã of observed discharge and the climatology of Q20 Ã of simulated discharge in the control period. A value of 1 indicates a perfect match between model results and observations, while a value below 0 indicates that taking the observed mean is a better predictor than the model results. All model combinations with a Nash-Sutcliffe coefficient of 0.4 or higher were used for analysis of future drought. The criterion of 0.4 is rather arbitrary, but it was chosen based on visual inspection of the climatology of Q20 Ã for simulated discharges and to keep as many as possible model combinations in the future analysis.
To analyse hydrological drought events and determine drought characteristics, the variable threshold level method (e.g. Yevjevich, 1967; Hisdal et al., 2004) was used. The start of a drought event is indicated by the point in time when discharge falls below the threshold and the event continues until the threshold is exceeded again. A monthly threshold derived from the 20th percentile of the time series was applied in this study. The discrete monthly threshold values were smoothed by applying a centred moving average of 30 days (Van Loon and Van Lanen, 2012) . Drought characteristics derived in this study are the number of drought events, the average duration of drought events and the standardized mean deficit volume (Hisdal et al., 2004; . Due to the definition of the standardized mean deficit volume (deficit volume divided by the mean discharge), it has unit 'day', which indicates the number of days that mean flow is missing. To identify changes in drought events between the control period and the future period, droughts were determined with the same threshold, based on the control period.
Results and discussion
Comparison of large-scale models and observations
The climatologies of Q20 Ã from the model combinations (GHM and GCM) were compared with the observed Q20 Ã climatology. A selection of model combinations was made based on a Nash-Sutcliffe efficiency (NSE) above 0.4 for the control period. Fig. 3 shows the model combinations that met this criterion for each river with at least one combination selected. After this selection 37 river basins were left (Table 1) . Clearly, the number of model combinations and the selected combinations were different for each river basin (Fig. 3) . The range of all 15 model combinations is also given in Fig. 3 . In all rivers, the range was reduced by the selection, except for the Meuse river for which all model combinations had a NSE above 0.4. In most river basins, the hydrological model had more influence on the simulation than the GCM (e.g. Murrumbidgee river with selected combinations 3a, 3b, 3c, 4a, 4b, 4c; Chubut river with combinations 3a, 3b, 3c, 5b; Madeira river with combinations 1a, 1b, 1c, 3a, 3b, 3c, 4b, 5a, 5b, 5c). In most river basins, the selection of model combinations included one or multiple GHMs with all three GCMs. So forcing was less important than the hydrological model, which supports the findings of Hagemann et al. (2013) . However, there are also river basins in which the simulations were dominated by the choice of the GCM (e.g. Içá river with combinations 1b, 2b, 4b; Mackenzie river with combinations 4b, 5b; Zambezi river with combinations 4b, 5b).
The number of model combinations left for further analysis depended on the NSE value used for the selection. Fig. 4 shows how the number of selected models decreased with increasing NSE values (averaged over all basins). Based on this analysis, we adopted 0.4 as the selection criterion. A NSE of 0.4 is generally accepted (Table 2) , the character to the GCM (a: ECHAM5, b: CNRM, and c: IPSL).
to reflect a reasonable model performance, while with higher NSE values, the number of model combinations quickly dropped. By using the criterion of 0.4, the median of the model combinations left was 7 across all river basins. The selection of GHM and GCM combinations has been made to reduce the range, and thereby uncertainty, in projections. Previous studies have argued not to make a selection of the models or a ranking, because information could get lost (e.g. Gosling et al., 2011) . Furthermore, it has been argued that results based on historical information might not determine model performance in the future (Reifen and Toumi, 2009) . However, other studies (Hall and Qu, 2006; Stegehuis et al., 2013) have shown that if GCMs are constrained with observations, the uncertainty in the future is reduced. We believe that in order to achieve projections of future hydrological drought to determine the effects on water resources, a reduction of the large range in model projections is necessary. Some model combinations resulted in negative NSE even for the Q20 Ã climatology, which means that even the regimes of the rivers were not modelled correctly. It is questionable if these model combinations could give any useful information about future changes in discharge in these rivers. The selection made in this study is subjective in terms of selecting the NSE as criterion and the magnitude of the NSE. It should be considered as a first step towards a methodology to reduce the range in future hydrological drought. Other additional criteria to select models could be included in the methodology.
To investigate the robustness of the assumption that model combinations with a very low NSE should be excluded, the NSE was also calculated for a subset of rivers (Table 1) for the period 2001-2010. This period was not used in the comparison of GCM output and forcing data to derive the bias-correction method (Section 2.2) and can thus be regarded as near future relative to the control period. Since the period 2001-2010 is too short to validate the models properly, this period was only used to provide a preliminary test of the robustness of the selection method. Observed data were not available for a longer period. Fig. 5 gives the NSE values for the river basins with available observed data for two periods, 1971-2000 (p1) and 2001-2010 (p2) . Overall, the NSE values are reasonably constant, i.e. the majority of the combinations with a NSE value above 0.4 in the control period also gave a NSE value above 0.4 in the following period (82%). This means that only 18% of the model combinations with a value above 0.4 in the control period dropped below 0.4 in the next period. Only two model combinations with NSE above 0.4 in the control period dropped below a NSE of zero (both for the Mitchell river (Se Au), combinations 5a and 5c). Model combinations with a very low NSE value (even below À2) did not recover in the following period. Although the threshold choice (NSE = 0.4) is arbitrary, Clearly, it is difficult to judge the effect of selecting only models that perform well in the control period given that all projections are uncertain. Nevertheless we believe that models that perform better against observations, have a higher plausibility and the range in the projected changes can be reduced. However, river basins with only one or a few selected model combinations left, need to be investigated more in detail, since such a small selection might not be representative . For these specific river basins with a limited number of model combinations, other hydrological models with a different structure or model runs including human influence might be better suited. Although river basins were selected to be as undisturbed as possible, because the model results did not take into account human influence, it was difficult to find completely undisturbed basins in some regions and therefore human influence might be larger than expected. To analyse climate change in these specific river basins a detailed analysis is needed, which is beyond the scope of this study. The selection of the model combinations is determined by the chosen criterion. For specific basins other criteria might be more suitable. More research is needed to determine additional criteria for the selection of suitable model combinations.
Besides additional criteria for the selection of suitable model combinations, another option would be to keep all model combinations, but use a model averaging method instead. For the selection made in this study, model results below a certain NSE value are removed from the analysis for the future. When using an averaging method, all model results are taken into account. By using Bayesian model averaging (BMA), model results with a better performance are given larger weights in the ensemble average (Duan et al., 2007) . Different ways to implement the BMA are described by Parrish et al. (2012) . The BMA method was applied by Najafi et al. (2011) to assess uncertainties of hydrological model selection in a climate change impact study for a specific catchment. They found that the BMA allowed for quantifying model structure uncertainties and performing ensemble estimation. However, they also mention that models with poor performances may reduce the performance of the BMA and removing poor results increases the performance of the BMA (Najafi et al., 2011) . This may indicate that a combination of selection of models based on certain criteria and a model averaging method is the most promising way to assess climate change impact.
We realize that the employed models are not completely independent of each other. All GCMs or all GHMs describe the same system and will therefore have common elements (Masson and Knutti, 2011) . The model combinations used in this study include three GCMs and five GHMs. The three GCMs belong to different model families (Masson and Knutti, 2011) . The GHM selection contains land surface models as well as global hydrological models (Haddeland et al., 2011) . The model structures show differences and the different forcing variables used by each of the models give some indication about the different parameterizations in the models (Table 2) . By using a range of GCMs and GHMs the dependence between the models was limited. However, it is impossible to make a model selection that is completely independent given the fact that all models have to simulate the same processes. It is important to use a multi-model ensemble for climate change assessments to encompass different model structures and parameterizations.
Influence of climate change on low flows
To investigate the influence of climate change, the difference between the climatology of Q20 (monthly Q20 values derived from model results) in the future period and the climatology of Q20 (monthly Q20 values derived from model results) in the control period was calculated for all river basins for the selected model combinations (Fig. 6) . The agreement between the model combinations on the changes is indicated in Fig. 6 by the intensity of the colours. There was no overall consistent drying or wetting trend in all selected rivers across the globe. The number of selected model combinations that agreed on the direction of change in low discharges differed between the river basins (ranging from 50% to 100% for the mean of the monthly changes in Q20, from now indicated as mean change Q20). In most major climate zones, however, the direction of changes in low discharges for the river basins was largely similar. In the arid climates, models tended to agree on a decrease in the low discharge. For example, the Murrumbidgee river and the Mitchell river (Se Au, third row in Fig. 6 ) for which all models agreed on negative mean change Q20 (i.e. will become drier). Also rivers on the border of the arid climate zone, like the Zambezi river and the Chubut river, showed a decrease in low discharge. For other rivers at this border, the Roper river and the Mitchell river (N Au), changes were less uniform (around 50% of the models agreed on the direction of mean change Q20). Models did not all agree on increase or decrease of low discharges in these basins. The projected changes in low discharge corresponded with the changes in precipitation (Fig. 2) . Precipitation decreased in southern Australia, the Zambezi river basin and Chubut river basin, while increases or no changes were obtained for northern Australia.
For rivers located mainly in tropical (A) climates, models disagreed on the changes, although this differed per continent. All rivers in the humid climates in Africa (Sanaga, Sangha and Ubangi, first row in Fig. 6 ) and most rivers in the Amazon region (Jurua, Madeira, Aripuana, Amazon and Araguaia, fourth and fifth row in Fig. 6 ) showed changes in low discharges in both directions, and thus it was difficult to predict changes in drying or wetting for these regions (model agreement on the direction of mean change Q20 was between 50% and 75%). For the river basins in Africa, the GCMs indicated an increase or no change in precipitation. This is not directly visible in low discharge changes because of other processes that determine discharge as well, e.g. changes in evapotranspiration and storage. This highlights the importance of using hydrological models for hydrological drought analysis instead of only GCMs which generally have a more crude land surface model component. For the Amazon region, changes in precipitation were not uniform among the GCMs and again other hydrological processes affect discharge changes. One exception regarding low discharge changes in the Amazon region was the Içá river. For this river all selected model combinations indicated an increase in low discharge for the months April to July, followed by a decrease in low discharge. For the Içá river, the selection of model combinations resulted in only one GCM (CNRM, Fig. 3 ), which could explain the uniform changes in discharge. Other rivers in humid climates (Irrawaddy, Mekong and Usumacinta, third and fourth row in Fig. 6 ) showed a decrease in low discharge for most models for the whole year or at least a large part of the year (all models agreed on a negative mean change Q20). For the Usumacinta river, however, all GCMs projected a large decrease in precipitation, which translated in a decrease in low discharge. For the Mekong river and Irrawaddy river projected precipitation changes were less uniform.
There were almost no rivers in the selection in temperate climates (Fig. 1) , partly because rivers in these regions were often largely affected and partly because model performance was poor for these rivers. For the Meuse river, most models gave an increased low discharge in winter and decreased low discharge in summer. This means that the low discharges in wet periods became higher and in dry periods became lower, as was the case for the Içá river. The Bermejo river is on the border of climate zones given as percentage of low discharge in the control period. Red indicates a decrease in Q20 in the future period, blue indicates an increase in Q20. All selected model combinations (GHM and GCM) for each river basin are shown. The darker the colour, the more models have the same difference.
( Fig. 1 ) and showed differences in low discharges in both directions and little model agreement, which was triggered by the GCMs that disagreed on precipitation change.
Changes in river discharges in the cold climates (D and E, bottom four rows in Fig. 6 ) were dominated by a shift in the regime caused by an earlier snow melt peak and less snowfall due to higher temperatures. The mean yearly low discharge (mean Q20) in these rivers increased according to most models. The change in timing of the snow melt peak is shown in Fig. 7 , where the month with the highest Q20 value in the year is given for both the control period and the future period for each model combination. In most river basins, there is only 1 month difference between the models for the timing of the peak. Not for all rivers in cold climates a change in the timing of the snow melt peak was predicted by the models (e.g. Kolyma river, Anadyr river). However, in some cases models agreed that the snow melt peak would occur one month earlier in the future (e.g. Lena river, MacKenzie river, Pechora river).
An overview of previous studies on the change in runoff or discharge caused by climate change is given by Sperna Weiland et al. (2012) . Their overview mentions regions found to be affected either by an increase or a decrease of discharge or runoff. Although most previous studies focused on mean discharge and not on low flows, we have compared our results with their findings here by lack of studies on low streamflow at the global scale. The shift in regime in northern colder river basins and the increase in low discharge found in this study corresponded well with results on discharge changes from e.g. Gosling (2013), Sperna Weiland et al. (2012) , Nohara et al. (2006) and Milly et al. (2005) . Also our findings that arid river basins will become drier in the future corresponded well with previous studies (e.g. Tang and Lettenmaier, 2012; Nohara et al., 2006; Sperna Weiland et al., 2012; Milly et al., 2005) . Changes in low discharge for the rivers in the Amazon region were less certain in this study. There was less agreement with previous studies and these previous studies disagree on changes. Arnell (2003) , Arnell and Gosling (2013) and Arora and Boer (2001) found a decrease in discharge or runoff in this region, while Nijssen et al. (2001a) , Manabe et al. (2004) and Nohara et al. (2006) found an increase in mean annual discharge for the Amazon. The decrease of low discharges during large parts of the year in the Asian rivers, Irrawaddy and Mekong, found here is not in agreement with all other studies (e.g. Nijssen et al., 2001a; Sperna Weiland et al., 2012) , which showed an increase in discharge for the Mekong, although Manabe et al. (2004) and Arora and Boer (2001) also found a decrease for the Mekong. Changes in low discharge found for the Meuse river in this study correspond with findings of De Wit et al. (2007) that seasonality in the discharge regime of the Meuse will be enhanced. However, they also stated that groundwater storage is important in the Meuse basin and a decrease in mean summer discharge might not necessarily lead to more severe low flows. Differences between climate change studies and the current study are caused by a different focus of the studies (e.g. mean discharge instead of low flows) and the use of different hydrological models, climate models and emission scenarios. Control Future Fig. 7 . Timing of the seasonal peak in Q20 between the control period (shaded colours) and the future period (full colours) given for all river basins in cold climates that showed differences for the selected model combinations (GHM and GCM). (The length of the radius of the segments is determined by the number of selected model combinations and has no additional meaning.) control period and the future period. The changes in drought characteristics, mean drought duration and standardized deficit volume, between the future period and the control period are shown in Fig. 8 for each river basin. It was expected that when model combinations projected a decrease in low discharges, drought characteristics would show an increase. In general, differences in hydrological drought characteristics (Fig. 8) showed the same pattern as the differences in Q20 (Fig. 6) . In river basins with a high model agreement for changes in Q20, drought characteristics also showed high agreement and followed the direction of change in Q20 with a negative correlation as expected. For example, all model combinations showed an increase in drought duration and standardized deficit volume for the Usumacinta river (USU, Fig. 8) , which also showed a decrease in low discharge (Fig. 6) . The rivers in arid regions (Murrumbidgee and Mitchell (Se Au)) also showed a decrease in low discharge and this resulted in an increase in drought characteristics. Especially in these dry regions this could have large impacts, since there is already little water available. There was higher model agreement on differences in drought characteristics than on changes of the climatology of Q20 in other river basins, e.g. Madeira river, Jurua river, Amazon river. For these rivers, both drought characteristics showed an increase (Fig. 8) , while the model combinations did not agree on a clear increase or decrease for the Q20 discharge (Fig. 6 ). This means severity and impact of drought events will likely increase in these basins, although uncertainty in changes of low discharge was large. For the Meuse river and Içá river, the model combinations projected seasonality in low discharges would become more extreme (Fig. 6) . The drought analysis showed that the increase in seasonality led to an increase in both drought characteristics for almost all selected model combinations. So, even though Q20 values were higher during the wet period, drought duration increased and drought impacts will be more severe in the future because of the decrease in summer discharge. In some river basins in cold climates that showed a clear snow melt peak, there were model combinations that gave an opposite signal in drought characteristics as compared to the signal in discharge, e.g. the Liard river and the Fraser river. The overall Q20 discharge in these basins seemed to increase (Fig. 6) , whereas the drought duration and standardized deficit volume also increased (Fig. 8) . This was partly caused by the application of the threshold for the selected combinations of GCM and GHM. Codes for the combinations are equal to Fig. 3 . Positive change means longer droughts or higher standardized deficit volumes in the future, whereas negative change means the opposite. level method to the future period using a threshold derived from the control period (Fig. 9) . In case of a shift in the timing of the snow melt peak in the Q20 values, anomalies in discharge behind the peak could be inadvertently identified as drought (in terms of expected impacts), even though the mean discharge increases from the control period to the future period. However, the increase in drought characteristics was also caused by a decrease of summer discharge as projected by some model combinations (Fig. 6) . In that case, the number of summer droughts will increase in these regions even if mean discharge increases. Adaptation measures to prevent large impacts of these summer droughts will be necessary. Fig. 9 indicates that it is not straightforward to determine hydrological drought events with the variable threshold method using the same threshold both in the control period and in the future period. The use of the threshold derived from the control period can lead to unintended drought events in terms of expected impacts. The natural variability of the climate over 100 years is not taken into account and it is difficult to determine the impact of drought events in the future, because possible adaptation to the changing conditions could occur. This adaptation could be included by linking the drought threshold to adaptation scenarios like Vidal et al. (2012) . This would require more information to formulate accurate scenarios, but could be an important step in future hydrological drought identification studies. Drought identification in the future is very dependent on the identification method used and should include both drought characteristics and low flows to indicate changes. If only low flows are considered, effects on drought events in the future could be underestimated, for example as seen in the rivers in the Amazon region (Figs. 6 and 8 ).
The differences in low flows and drought characteristics between the control and future period found in this study are based on model runs that do not include adaptation policies. In that way they should be seen as a guidance to assess if measures are necessary. An important factor that is missing in the hydrological models is change in vegetation. The hydrological models, except for LPJmL, do not include vegetation changes or take into account the response of stomata to increased CO 2 (Lammertsma et al., 2011) . This stomatal adaptation is believed to affect evapotranspiration and thus runoff (Field et al., 1995) , although evidence for this effect on evapotranspiration is questionable (Huntington, 2008) , also questioning the possible effect of stomatal adaptation on future drought. Prudhomme et al. (2013) have concluded that vegetation change will affect drought characteristics in the future, but the magnitude of the effect remains uncertain. In this study, no clear difference between the changes in drought for the LPJmL model and the other models was found. More research is needed to quantify the effect of vegetation change on drought in the future. This also confirms that it is important to use multiple GHMs in climate change studies to include effects that may not be represented by all models.
Conclusions
For adequate adaptation to the impacts of hydrological drought events, robust predictions about changes in their characteristics in the future is important. In the current study, an ensemble of Global Hydrological Models (GHMs) forced with different General Circulation Models (GCMs) was used to analyse low flows and drought events. To reduce the range in future drought projections, a selection of model combinations (GHM and GCM) was made by comparing model results with observed discharge in the control period . Selected model combinations differed per river basin and included both different GCMs and different GHMs. This highlights the importance of using multiple hydrological models as well as multiple climate models. Models showed large differences in absolute discharge values compared to observations, so model improvement is still an important step for impact studies as well. GHMs use different model structures and parameters and will not all perform uniformly across the globe. In this study, the selection of model combinations was based on a single criterion as a first step towards a set of criteria that will reduce the range of projected changes in hydrological drought. The selected model combinations based upon the single criterion were evaluated against observations in the period 2001-2010 (the near future with respect to the control period) and model combinations showed a fairly consistent performance across the control period and the evaluation period. More research is needed both to find the best set of criteria and to improve the models, to reduce the uncertainty in projections, which is important to derive adequate adaptation measures.
With the selected model combinations (GHM and GCM), different effects of climate change on low flows were found in the river basins across the world. River basins in arid regions were projected to become even drier. In cold regions, a shift of the snow melt peak and an increase in low discharges was found. For most rivers in humid and temperate climates, model combinations gave uncertain results. Overall, results corresponded with previous studies on the effects of climate change on discharge. The change in low discharge was not everywhere equal to the change in precipitation, because discharge, of course, is affected by other processes as well (e.g. evapotranspiration) and catchment characteristics. This emphasizes the importance of the use of multiple hydrological models in climate change studies. Besides the changes in low flows, also changes in hydrological drought characteristics (mean duration and standardized deficit volume) were determined. The drought characteristics showed an increase in most river basins, which means impacts and severity of droughts will increase as well. The increase in characteristics was not always consistent with the changes in low flows. Partly, this can be caused by the drought identification method. In case of a regime shift, unintended drought events in terms of expected impacts were identified with the threshold level method. However, drought characteristics add information about changes in drought impacts. For example, model combinations did not project a clear increase or decrease in low flows for river basins in the Amazon region, while model agreement on the amplification in drought characteristics was much larger. Given the large societal and environmental impacts of hydrological drought events, it is important to progress with finding the best drought identification method for future hydrological drought to anticipate on possible drought impacts.
